We show the feasibility and the potential of a new signal processing algorithm for the high-resolution deconvolution of OCT signals.
INTRODUCTION
Optical Coherence Tomography ( 0 0 is a recent high-resolution imaging technique [I. 2,31. It is based on an interferometric measure in which a wave with low temporal coherence is split into two parfs. One of the beams hits the object to image, is backscattered and guided to a photocaptor, while the second one acts as a reference and is guided to the photocaptor as well, where it is recombined with the object wave to yield interferences. Varying the pathlength of the reference wave, one is able to scan inside the object at depths such that the backscattered wave keeps %me coherence with the incident one (see Fig. I ).
The O m signal essentially carries the information of abmpt changes in the refractive index and the depth-resolution that can be attained is roughly half the coherence length of the reference wave [4] . In common experiments, this resolution is between 4bm and I6pm [51, although using a Pourier deconvolution technique might improve this figure [ 
6]
We propose here a direct signal processing method that is able to reach a resolution that does not depend on the coherence length, but rather on the noise level of the OCT measure. This highresolution parametric method is reminiscent of the retrieval of complex exponentials in a noisy signal, which is a slandard signal p r o 0-7803-7584-X/02/$17.00 Q2002 IEEE -f/ cessing problem, e.g., in mobile communications [7] . Our technique is actually exact under the assumption of a Gaussian coherence function: it is also "critical" in the absence of n o i s d e retrieval of N parameters requires no more than N samples of the interference pattern. The redundancy in the OCT measure, which may be quite high, can thus be exploited to reduce noise.
MODELIZATION OF THE OCT SIGNAL

Standard Convolution Model
An incident ID complex wave $(t -x/c). whose coherence function (and power specmm density S(u) = G(u)) is defined by G(tz -t~) = (10(ti)*10(tz)) (1) illuminates an object that we want to image. We assume that this object is characterized by a linear time-invariant impulse response h(t). which implies that it is the source of a backpropagating reRectedwave~(t+z/e),where*n = h*+. Thiswaveisguided to the photocaptor along a path of parameterized (variable) length 21. The incident wave is also guided to this photocaptor along a path of (fixed) length xo and the average intensity resulting from the superposition of the two waves is measured Finally, the signal that has to be processed is lo(%) = 2 9 { h * C ( $ ) }
(2)
We assume here that the power spectrum density of the incident light is Gaussian 
Multilayer Parametric Model
As can be Seen from (2) and (3). the OCT signal is a bandpass "ersion of the signature h ( t ) of the object. In particular, this means that attempting to monsmct the low-pass portion of h ( t ) from the OCT measurements, l o ( t ) , is an ill-posed problem. This implies that it is only the transitional features of the object that are likely to be extracted, because they alone have a sufficiently large
bandwidth to intersect the support of S(u).
This is why we propose to model the object as a succession of interfaces between which the refractive index is constant, To simplify even more, we consider here the unidimensional case characterized by a complex refractive index no for z < 
08
The p w s e of this paper is io present an exact method for identifying the parametem a k and P k from afuite nwnber of samples Ofr,(z).
A HIGH-RESOLUTION METHOD
We will from now on assume that we know the value of L. and hence, of r~. Moreover, we have access to the measurements .J = Jo(1Az) for 1 = l o . . .11 where A x is a sampling step. Thus, we have Multiplying left and right hand sides by e S ( ' -" ' ) ' yields y1 . S : ( I -m ) 2 J l wbere we have defined a; = a k e z k = e
The advantage of the last expression is that it takes a standard form that can be analyzed using a highresolution method [71.
. 1 Finding the zx and a;
Let P ( z ) be the real polynomial that has the roots Zk, z; columns. In particular, we see that, with as few as 4K samples, we are able to reconshuct the polynomial P(z). Extracting its mots provides the unknown values Zk. Then, the parameters a; are obtained by solving the linear Vandermonde system of equations obtained from (7)
In order to find the values a:, we need no fewer than 2K measures JI. On the whole, we conclude that we are able to reconstma uniquely the 2K complex-valued parameters (ak,zk) as s w n as we are provided with 4K real-valued uniform measum J . In the next subsection, we will see how it is possible to exploit the redundancy of these measures when they are cormpted by noise.
The Noisy case
Usually, the data are noisy and/or the model does not fit the data exactly. In this case, we propose first to enhance the signal, and then to solve the two linear systems of equations above in the leastsquare sense-in practice, this involves finding the smallest eigenvalue of the matrix ATA.
Our denoising technique uses the information that y, has the parametric form (7) . In the absence of noise, the matrix ... . First, choose a denoising length N . The longer it is, the larger the reduction of the noise-but also, the more computationally expensive it is. ofBN. This denoising technique has proved extremely efficient on the test signals that we have analyzed. For instance. with 350 samples, two Gaussians to retrieve, and a denoising length of N = 50, the signal to noise ratio increase usually exceeds 16 dEl.
VALIDATION RESULTS
We have synthetized 353 uniform samples of an OCT signal simulating the reflection of two interfaces separated by a distance of 2.66 pm and inducing a wavelength shift from 1300 nm to 1302 nm and 1339 nm, respectively. The coherence length for the Gaussian source is 20 pm, so the equivalent depth resolution is LO hm. We have added a Gaussian white noise ranging from 6 dB to 60 dB and have applied our algorithm to these 353 samples. An instance of this noisy simulated O m signal is shown in Fig. 2 .
The main retrieved panmeters (position and frequency) are shown in the scatterplots of Figs. 3 and 4 . Using these estimated parameters we reconstructed a signal that is much closer to the original noise-free signal than to the noisy one. More precisely, our reconstruction increases the signal W noise ratio by 16 dB on average as shown in Fig. 5 . This gain is identical to Jredundancy which is what we would expect from an optimal estimator. 
CONCLUSION
We havepresented a new high-resolution signal processing method for the deconvolution of OCT signals. In particular, we have shown that the resolution of our method is only limited by the amount of noise that is present in the measures: less noisy data yield higher resolved structures. Moreover, our technique is versatile as it req u e s only a finite number of samples for the exact retrieval of the parameters that describe the OCT signal. It may be used either when few but noise-free data are available, or in the case of oversampled noisy measurements.
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